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Introduction
While Switzerland's competitiveness is mainly based on innovation and human capital formation, graduation rates at university are particularly modest (and even low for individuals with migration backgrounds) in comparison with other high-innovation countries (OECD, 2013) . The attractiveness of tertiary vocational education, the development of the universities of applied sciences 1 and the low expected returns associated with completing a university degree may explain such a phenomenon. Indeed, Wolter and Weber (2005) report that the wage premium obtained after university graduation is the lowest among all educational levels in the Swiss education system. This statement has been confirmed by a recent report from the Swiss Coordination Centre for Research in Education (CSRE, 2010) . However, no prior study focusing on returns to schooling in Switzerland investigates if all students benefit to the same extent from a university degree in Switzerland while accounting for heterogeneity in returns to schooling is crucial to draw policy recommendations.
While traditional human capital theory (Becker, 1964; Mincer, 1974 ) assumes that higher education provides students with skills that are equally rewarded in the labor market (i.e., productivity explanation), the selection explanation considers that the positive relationship between wage and higher education results from a self-selection process based on individual heterogeneous attributes.
Contrary to the traditional formulation of human capital where returns to schooling are implicitly assumed to be homogenous, the selection explanation considers heterogeneity in returns to schooling, i.e., the impact of schooling on wages may differ across individuals with identical educational levels.
The literature on the selection explanation confronts two different viewpoints. First, the positive selection explanation assumes that selection in higher education is a rational decision based on expected gains in income, skills or knowledge, net of opportunity costs of pursuing educational investment (Willis and Rosen, 1979; Card, 2001) . In other words, youths self-select into schooling on the basis of the principle of comparative advantage (Willis and Rosen, 1979; Heckman, Urzua, and Vytlacil, 2006; Carneiro, Heckman, and Vytlacil, 2007) , which implies that high propensity students obtain higher returns to schooling because of their ability, motivation or favorable parental backgrounds. Some recent researches in sociology (Tsai and Xie, 2008; Brand and Xie, 2010) , however, consider that the decision to attend higher education is not always rational because norms, expectations or encouragements may differ by family background, leading to different selections mechanisms (Coleman, 1988; Smith and Powell, 1990; Morgan, 2005) . Individuals facing low labor market opportunities may have stronger economic incentives to invest in higher education. One consequence of this negative selection hypothesis is that returns to higher education can be higher for low propensity individuals if we assume that individuals with favorable backgrounds may have access to superior labor market positions even in the absence of higher education. Expressed differently, completing a university degree may augment more the labor market opportunities of less-endowed individuals than that of their more-endowed peers.
In this context of self-selection where earnings level results from a combination between individual background attributes and the appropriate level of schooling, this study is a first attempt to determine what type of individuals benefits most from a university degree in Switzerland. For that purpose, I compare university and matura graduates on the grounds that the latter is the unique group having a direct access to university education. 2 The focus on parental background attributes is particularly relevant for the Swiss case given that access to university education for less-gifted individuals is full of economic, institutional, social or motivational barriers (Vellacott and Wolter, 2004) . This research also aims at completing the literature on the intergenerational transmission of educational attainment in Switzerland whose results suggest that schooling choice is essentially determined by parental education and family income (Falter, 2004; Bauer and Riphahn, 2007; Cattaneo, Hanslin, and Winkelmann, 2007) .
The estimation procedure relies on hierarchical models based on propensity score matching similar to those used in Tsai and Xie (2008) , Brand and Xie (2010) and Xie, Brand, and Jann (2011) . This study extends their analyses in two ways. First, I consider Heckman selection models to account for sample selection bias. Second, the empirical analysis is completed by quantile regressions to analyze the relation between inherent ability and returns to schooling. While most of previous literature on schooling returns in Switzerland used data from the Swiss Labor Force Survey (SLFS), this paper resorts to the Swiss Household Panel (SHP) 3 which contains numerous parental background variables of primary importance when estimating the probability to complete higher education.
The first part of the empirical study relies on a stratification-multilevel method that consists in estimating the returns to schooling across different propensity score strata. The different specifications lead to the conclusion that low propensity students benefit most from completing a university degree. The negative association between the propensity score and the returns to schooling, however, is only significant for men when including labor market variables. For women, the absence of a significant relation between these two variables in all models leads to the rejection of the assumption of heterogeneous returns along the propensity score distribution.
The second part relies on a matching-smoothing method that fits a non-parametric regression line to smooth the variation in matched wages' differences between matura and university graduates along the propensity score. The graphical analysis shows that returns to university education are rather homogenous for both genders even if some local patterns can also sustain my previous statement for men.
Finally, results from quantile regressions indicate that men with low inherent ability benefit most from university education. Expressed differently, education acts as a substitute for inherent ability in the generation of earning capability. For women, returns are homogeneous along the conditional wage distribution.
The main findings of this study can be summarized as follows: (i) returns to university education for men decrease significantly along the propensity score when labor market experience is accounted for, which leads to the rejection of the comparative advantage hypothesis, (ii) women obtain homogeneous returns to university education, whatever the specification considered, and (iii) university education and inherent ability can be considered as subsitutes in the human capital accumulation. However, as the estimation procedure is based on selection on observables, results must be interpreted in terms of associations and not in a causal way.
This chapter is organized as follows. The second section presents the theoretical framework and provides a short review of the literature on returns to schooling in Switzerland. Data are described in section three. Empirical models are presented in the fourth section while results are reported in section five. The section six presents an auxiliary analysis based on a quantile regression framework. The last section is devoted to the discussion.
Theoretical Background and Literature Review

Theoretical Framework
The main objective of causal inference is to determine the return to schooling for an individual i which can be written as:
where the two right-hand side terms of equation (1) correspond to the potential wages resulting from university or matura graduation, respectively. However, the fundamental problem of causal inference is that we cannot observe the same individual for two different treatment status simultaneously (Holland, 1986 ).
As it is not possible to estimate the individual return to university education i , the literature concentrates on the average return to schooling E[ i ] which is the expected value of the difference between the two potential outcomes and corresponds to the average treatment effect (ATE):
Let us consider the following wage regression:
Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) 4 See the full mathematical development of this formula (Roberts, 2009 ) in the Appendix. 5 Instrumental variables may be independent of the unobserved wage gains in the overall population, but conditional on those who participate in university education, they may no longer be independent of the unobserved wage gains in this subgroup (Carneiro, Heckman, and Vytlacil, 2001; Basu et al., 2007) . FE methods control for pre-treatment heterogeneity but not for treatment effect heterogeneity (Xie, Brand, and Jann, 2011). where Y i corresponds to the wage of individual i, S i is a binary variable reflecting the highest educational attainment (with S i 1 corresponding to a university degree and S i 0 a matura degree) and u i corresponds to unobserved heterogeneity. The conditional wage expectations can then be written as:
Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) 6 More recent studies which estimate the marginal treatment effect (MTE) parameter developed by Bjorklund and Moffitt (1987) but extended by Nobel Prize laureate James Heckman and his co-authors (2001, 2007, 2011) rely on more developed control functions where the conventional assumptions (i.e., linearity, normality and separability) are relaxed. 7 The conditional independence assumption (CIA) also called unconfoundedness or ignorability assumes selection on observables, i.e., no unobserved variables may affect the treatment and outcome variables simultaneously.
to account for the return bias is to rely on control functions which represent the conditional expectations of unobserved heterogeneity (Garen, 1984; Heckman and Robb, 1985; Heckman and Vytlacil, 1998; Deschenes, 2007) . Generally, these functions are represented by the standard inverse Mills ratios from the normal selection model (Heckman, 1979) . 6 The inclusion of these functions in the wage regression allows to obtain selection corrected estimator for the return to schooling. However, the strong limitations faced by the traditional instrumental variables in this literature (see Checchi (2006) for some relevant examples) reduce considerably the possibility to estimate these control functions.
In the absence of randomization or quasi-natural experiments, propensity score matching (PSM) techniques emerge as the most interesting identification strategy when assuming selection on observables. Results, however, cannot be longer considered as causal. By assuming conditional independence 7 , the return to schooling can be formulated as follows:
Compared to the traditional OLS regression, PSM does not rely on a parametric assumption between the outcome and the covariates and considers a common support (or overlap condition) between treated and untreated units. Xie and Wu (2005) , Brand and Xie (2010) as well as Xie, Brand, and Jann (2011) estimate heterogeneous returns to schooling by using hierarchical linear models based on PSM and focus on the association between the propensity score and the returns to schooling to determine the nature of the self-selection process. More precisely, they estimate the return to higher education for different subpopulations grouped according to their propensity to complete this degree. Compared to the traditional case in which heterogeneity in returns to schooling is determined through the interaction between education and specific covariates (e.g., gender or race) (Altonji and Dunn, 1996; Ashenfelter and Rouse, 1998) , accounting for the propensity score is the best approach for solving the problems of variations by schooling participation.
Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) 8 Sample selection bias refers to the fact that non-observed wage of people who do not participate in the labour market makes the sample non-random.
Returns to Schooling in Switzerland: A Short Literature Review
Numerous studies have estimated the average return to years of education in Switzerland by focusing on wage discrimination. Some of them analyzed wages differentials by gender (Kugler, 1988; Diekmann and Engelhardt, 1995; Ferro-Luzzi and Silber, 1998) while some others were interested in discrimination towards foreign workers (Golder, 1997; De Coulon, 1998) . There is no clear consensus on the magnitude of the return to schooling but the results suggest that men obtain higher returns than women and that wage disparities vary strongly across the immigrant group considered (e.g., country of origin, first or second generation of immigrants). These studies, however, rely on the traditional OLS method to estimate the return to schooling, most of them correcting only for sample selection bias (Kugler, 1998; Dieckmann and Engelhardt, 1995; De Coulon, 1998) . 8 One exception in this literature is the study of Suter (2006) which uses smoking as instrumental variable to rule out selection bias. Focusing on the role played by individual skills in the return to education, he finds that 20% of the return to schooling are explained by personal aptitudes rather than by education itself.
The problem when estimating the return to years of education is that credentials among educational degrees are not accounted for. Indeed, most scholars consider that it is not years of schooling per se which have an impact on the wage premium but the obtention of a diploma (sheepskin effect). Credential models focus on the return to schooling across different education levels by considering discrete measures of schooling such as highest educational achievement (Sheldon, 1992; Wolter and Weber, 2005; Suter, 2006; CSRE, 2010) . Based on a cost-benefit analysis, Wolter and Weber (2005) report that private returns to education are not homogenous along the schooling path. By comparing university and academic matura graduates, they report annual rates of return for university education of 5.4% for men and of 2.2% for women, which are the lowest rates among all education levels. Such findings are supported by CSRE (2010) whose estimation procedure relies on the traditional Mincer wage equation. Using compulsory schooling as reference group, they find that the annual rate of return to university education is just above 7% for men and of 6.5% for women. Both analyses, however, cannot pretend to give a causal interpretation to their results given that they do not control directly for self-selection bias. Sheldon (1992) and Suter (2006) (2) 9 The biographical data contains information on social origins for all individuals who were personally interviewed in any of the waves since 1999.
for the selection process into schooling. Their approach consists in estimating wages and selection equations simultaneously by maximum likelihood. Using data from the Swiss health survey project SOMIPOPS, Sheldon (1992) obtains a rate of return to university education of 23.4% for men (5 years -annual rate: 4.7%). However, the size of the database considered (less than 50 observations) may cast some doubts on the robustness of these findings. Relying on data from the Swiss Labor Force Survey (1991 to 2003), Suter (2006) obtains an average return to university education for men of 11.6% (5 years -annual rate: 2.3%) after correcting for selection bias. However, these studies do not tackle the issue of heterogeneity in returns to schooling across university graduates.
A first attempt to account for heterogeneity in returns to schooling across individuals for Switzerland is from Pereira and Silva-Martins (2004) . Considering OECD countries and using a quantile regression framework, they estimate the return to years of education along the wage distribution which serves as proxy for unobserved ability. For Switzerland, the authors report that men in the 9 th decile of the conditional wage distribution benefit more from education than their counterparts in the 1 st decile. In other words, inherent ability and education are complements regarding wage increases. Such a result argues in favor of the positive selection hypothesis where well-endowed students benefit most from schooling according to the principle of comparative advantage. However, their approach does not use a discrete measure of education and does not account for selectivity biases.
The current study focuses simultaneously on both heterogeneity and self-selection issues by estimating hierarchical models based on propensity score matching (PSM). While the self-selection process is accounted for when estimating the propensity score to complete university education, the empirical model also estimates the trend in returns to schooling along the propensity score to determine who benefits most from this degree.
Data
This study uses information gathered in the Swiss Household Panel which is a longitudinal survey ongoing since 1999. For the empirical analysis, I consider the thirteen waves (1999 to 2011) and a set of biographical data.
9 By combining both datasets, I have access to a number of relevant variables such as educational achievement, family background characteristics and labor market variables. The Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) 10 It is worth to point out that biographical data are based on retrospective information and may be affected by measurement error.
main advantage of the biographical data is the presence of numerous pre-treatment variables observed when the individual was 15 years old (i.e., before university entrance) which are of primary interest when estimating the predicted probability to complete higher education. 10 I take advantage of the longitudinal structure of the data to select the last observation per individual across all the waves. By dropping individuals with missing values, I obtain a sample size of N 961 (N 443 for men and N 518 for women) for the OLS framework and of N 898 (N 403 for men and N 495 for women) for the PSM framework which also uses the biographical data.
The dependent variable is determined by the monthly gross labor income. As is common in the literature, I take the logarithm of this variable for the estimation procedure. The treatment variable is defined by a binary variable which takes the value 0 if the highest educational achievement is an academic matura degree and the value 1 if it is a university degree. Only individuals who are no more in formation are considered to avoid a comparison between individuals who are going to obtain a university degree and those who have already graduated.
To estimate the predicted probability to complete university education, I use a set of different parental background variables which can be separated into four main categories: financial, human and social capital as well as migration background. The financial capital essentially refers to the family's wealth or income. Although the dataset does not include a measure of parental income, it contains a variable indicating if the individual has suffered from financial problems during her adolescence. The human capital is measured by parental education. Social capital is defined by the social gains resulting from interactions between individuals (Bourdieu, 1977; Coleman, 1988) . According to Putnam (2000) , we can separate this concept into two subgroups, i.e., the bonding social capital (intra-family relations like parental involvement, closeness, or stability) and the bridging social capital (social networks outside the family's sphere like parental connections with work collegues or neighbours). For the former, I control for the family structure with a dummy variable equal to 1 if both parents were living together when the individual was 15. The number of siblings is also accounted for. For the latter, I introduce an index of social stratification related to parents' jobs (i.e., the Treiman prestige scale) which serve as proxy for parental social class. Indeed, parents with high social positions may have strong resources or social networks for helping their offspring to find a job in the labor Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) market. Finally, nationality of both parents and country of birth are accounted for by migration background.
Labor market variables included in the wage equation are experience (number of years spent in paid job), job tenure (change of job during the last year) and activity rate (working time in percentage). A main advantage of the SHP data compared to the traditional SLFS or other datasets lies on the fact that the variable measuring labor market experience accounts for career interruption. Consequently, I do not have to construct a variable capturing potential experience as it is generally the case in the literature. Two additional variables, i.e., marital status (married or not) and having children (yes-no), are used in a specific model accounting for selection into job market. The description of variables and summary statistics are presented in Table 1 . 
Empirical Framework
Homogenous Returns to Education
I first assume that the return to higher education is homogenous across individuals. Using a traditional augmented Mincer equation, equation (8) is estimated with OLS method:
where lnY i is the logarithm of the monthly gross labor income of individual i, S i is a dummy variable for university achievement, L i is a set of labor market variables and i is an error term. The coefficient 1 represents the return to university education supposed to be the same across individuals. However, it is likely that women who would receive low wage in the labor market choose not to work and this sample selection bias may overestimate their returns to schooling. To account for this endogeneity issue, I also consider a sample selection model for women that involves the two following equations:
where lnY i is observed if
where D i is a dummy variable indicating if the woman is working or not and Z i is a set of observed covariates influencing the propensity to work. We assume that i N(0, ) and i N(0, ). We can then write the coefficient of correlation between the two residuals as corr( i , i ). From equation (9), we then have:
Under the joint normality assumption, we have:
Finally,
Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) 11 Economists, however, are used to estimate the selectivity effect by focusing on ( ). Moreover, the stata command "heckman" does not report any direct estimates of . 12 The stata module "hte" developed by Jann, Brand, and Xie (2008) has been used for these analyses.
where i corresponds to the inverse Mills ratio. If 0, it means that the OLS estimation suffers from a sample selection bias. 
Heterogeneous Returns to Education
Stratification-Multilevel Model (SM-HTE)
Heterogeneous returns to education with regards to parental background are first estimated with a stratification-multilevel method of estimating heterogeneous treatment effects (SM-HTE). The estimation procedure is composed of the following steps: 12 1. First, I estimate the predicted probability to select into higher education P i P(S i 1 |X i ), i.e., the propensity score to complete higher education for each individual, through a logistic regression. I have then:
where PB i is a set of parental background characteristics.
2. Then, I obtain balanced propensity score strata where both treated and untreated do not differ significantly in their predicted probabilities to be treated. The implicit idea is to create subpopulations composed of "statistical twins".
3. Next, I estimate the return to schooling within each propensity score stratum by considering three different specifications: -First specification: schooling estimates are obtained through a direct wage comparison between university and matura graduates within each stratum:
Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) where p corresponds to the propensity score stratum and 1p represents the return to schooling for individuals belonging to a given propensity score stratum p; -Second specification: I estimate a OLS wage regression including additional covariates within each stratum:
-Third specification: A sample selection model is considered within each propensity score strata for women. The wage equation can be represented as follows:
4. Finally, I examine the pattern in rates of return across the propensity score strata by using a variance-weighted least-squares regression where the strataspecific return to schooling is regressed on the propensity score strata rank R:
where 0 corresponds to the predicted value of higher education for individuals in the lowest propensity score strata and 1 determines the pattern in returns to schooling across propensity score strata. Consequently, this last step allows to determine whether the return to schooling is positively or negatively associated to the propensity score.
Matching-Smoothing Method (MS-HTE)
Although the stratification-multilevel model is easily interpretable and very intuitive, this approach has two main shortcomings. First, assuming that individuals within the propensity score strata have the same return to schooling (within-group homogeneity) may be questionable. Second, representing the pattern in returns to schooling through a linear form may be restrictive. For these reasons, the matching-smoothing method of estimating heterogeneous treatment effects (MS-HTE) proposed in Jann (2011) and Simon-Thomas (2012) consists in fitting a nonparametric smoothed curve representing the evolution of the returns to schooling along a continuous representation of the propensity score. After estimating the propensity score for all individuals (see equation (14)), the second step consists in matching treated and untreated persons on the propensity Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) 13 The objective of the ATE is to evaluate what is the expected effect on the outcome if individuals were randomly assigned to the treatment while the objective of the ATT is to explicitly evaluate the effects on those for whom the programme is actually intended (Grilli and Rampichini, 2011 ). 14 SHP data does not allow for distinguishing university education by study programs such as Bachelor (3 years), License (4 years) and Master (5 years). Annual schooling returns estimates are computed by using (e coef 1) 4 (Halvorsen and Palmquist, 1980) . score with a traditional matching estimator. If the region of common support is broad, kernel matching is relevant on the grounds that it uses weighted averages of all untreated units to construct the counterfactual outcome. If not, the traditional nearest neighbour matching (with one or five neighbours) is preferred. The third step consists in representing the differences in outcomes between the matched pairs created (i.e., one-to-one/five matching for nearest neighbour and one-tomultiple matching for kernel) along a continuous representation of the propensity score. Finally, the last step estimates a kernel-weighted local polynomial regression to fit the variation in matched differences as a function of the propensity score. At the end, we obtain the average treatment effect on the treated (ATT):
where n 1 is the number of treated units, i is the index over treatment cases, j is the index over control cases, and w i( j) represents the scaled weight that measures the distance between each treated and control unit in the matched pair. In the current study, ATT corresponds to the return to schooling for individuals who completed university.
13
Results
Homogeneity Assumption
The two first columns of Table 2 represent the baseline OLS specification (ref.
equation (8)). Results show that the average return to university education is positive and significant for both men and women but higher for men, which is a common finding in this literature. More precisely, I obtain an annual rate of return of 11.9% for men and 6.2% for females by assuming that the average length of university education is four years. 14 Concerning the covariates, Censored observations 1254
Uncensored observations 518
Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) 15 Detailed information is presented in Table 9 in the Appendix.
experience, squared experience, new job and activity rate follow the expected sign for both genders. The sample selection model for women is presented in the third column of Table 2 . The selection equation reports that having children and being married influence negatively and significantly the propensity of women to enter into the labor market. The parameter is negative and significant, which indicates that OLS estimates are upward biased. The selection corrected average return to schooling for women is of 5.4%.
Heterogeneity Assumption
Stratification-multilevel model (SM-HTE)
I turn now to the stratification-multilevel model (SM-HTE) which consists in estimating the returns to university education within homogenous subpopulations ranked according to their propensity to attend and complete university education.
Results from logistic regressions (ref. equation (14)) are presented in Table 3 . Surprisingly, parental education does not influence significantly the propensity to complete university education but the parental social class plays an important role for both genders to ensure an intergenerational transmission of socioeconomic status between parents and their offspring. For men, being born in Switzerland and having parents from high social classes increase significantly the probability of access to university education. For women, the variable related to financial problems during adolescence reports a positive and significant sign. This finding suggest that there is a negative selection into schooling given that women suffering from financial difficulties when aged 15 are more prone to enroll into university. Tables 7 and 8 in the Appendix report the means for the covariates by treatment and control group, before and after matching. Figure 1 relates the frequency distribution of the propensity score for matura and university graduates. Although we can see a relatively good overlap within each group, there are no sufficient observations at the extreme tails of the distributions, especially for men in the lowest part of the distribution. To conduct a reliable statistical analysis, I collapse the propensity score strata in the extreme tails of the respective distributions to ensure at least 15 treated and untreated individuals within each stratum, which is the rule of thumb in this literature. As a result, I obtain three balanced propensity score strata for each gender. Returns to university education by gender and by propensity score strata are reported in Table 4 whose columns (1)- (2) (17)). 16 Figures 2 and 3 show the trends in returns to schooling along the propensity score strata for the first Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively. Column (5): age, squared age, civil status and having children are considered as covariates in the selection equation.
two specifications (ref. equation (18)). The patterns are reflected by the linear regression line where dots represent point estimates of the return to schooling within each stratum. Overall, results indicate that low propensity individuals benefit most from university education. However, the slope of the regression line across propensity score strata is only significant for men when labor market variables are considered, which indicates that completing a university degree reinforces the earnings (2) capability of low propensity men when controlling for the number of years spent on the labor market. For women, results lead to a rejection of the heterogeneity assumption in terms of returns to schooling. Indeed, no empirical model reports a positive coefficient for the trend in returns to university education along the propensity score. Using Heckman selection models, the third specification reports that sample selection bias is still an issue, but only for women being in the middle of the propensity score distribution. (2) 17 The comparison between ATT and OLS parameters gives the nature of the selection bias. When ATT is higher than OLS, it means that OLS estimates are downward biased and conversely. Here, however, the comparison is altered given that PSM does not consider labor market variables as it is the case when estimating OLS regressions.
Matching-smoothing method (MS-HTE)
The second approach uses a matching-smoothing method (MS-HTE) which consists first in matching individuals on their predicted propensity score and second to estimate the returns to schooling nonparametrically at the matched group level. I consider both nearest-neighbor (one and five controls) and kernel matching algorithms while a kernel-weighted local polynomial regression is used to smooth the variation in matched differences along the propensity score. As mentioned before, the advantage of such a strategy is to relax the linear functional form used in the SM-HTE to detect patterns in returns to schooling and to consider heterogeneity at the matched group level (instead of assuming homogeneity within propensity score strata). This approach, however, does not allow to proceed to significance tests between the matched pairs. Figure 4 illustrates that returns to schooling are rather homogeneous along the propensity score distribution. For men, however, the part of the distribution below 0.6 is difficulty interpretable given the very low number of observations. In this context, we can observe a slightly decreasing trend in returns to schooling when considering the part of the propensity score distribution located between 0.6 and 1. In Table 5 , ATT estimates are of 10.7% with NN matching, 11.0% with NN(5) matching and 13.3% with kernel matching, which are very close to the OLS estimate (11.9%).
17 For women, the graphical analysis prones clearly in favor of the homogeneity assumption. In Table 5 , ATT estimates are of 4.8% with NN matching, 4.9% with NN(5) matching and 5% with kernel matching, somewhat below the return to schooling estimated with OLS (6.2%) that is upward biased. Overall, the graphical analyses confirm -to a certain extentthe previous results obtained by considering propensity score strata.
Auxiliary Analysis
This study estimates heterogeneous returns to university education along the propensity score distribution. The implicit objective is to analyze if parental background characteristics and education are complements or subsitutes in generating earning capability. The prior analysis, however, does not account for ability criteria because no variables measuring test score are available in the SHP data. One possibility to overcome this issue is to lead a quantile regression analysis by assuming that the conditional wage distribution reflects unobserved marketable factors which translate directly into higher earnings (Buchinsky, 1998; Arias, Hallock, and Sosa-Escudero, 2001 ). More precisely, the relative positioning of individuals in the earnings distribution can be related to systematic differences in unobserved marketable attributes such as innate ability, motivation, interpersonal skills, persistence or communication skills. Consequently, the different quantiles represent groups of individuals with similar unobserved inherent ability. One advantage of this approach is to focus on different types of abilities that may have an impact on earning potential while measures of test scores may be biased through parental background and prior education.
Results presented in Table 6 show that men at the bottom of the unobserved ability distribution benefit most from university education. Tests of equal slope coefficients indicate that there are significant differences between the effects of education on earnings along the conditional earnings distribution. More precisely, the schooling coefficient for men in the 15 th quantile is significantly higher (at the 5% level) than those obtained by their peers in the 25 th , 50 th and 75 th quantiles. For women, however, returns to schooling are rather homogeneous along the unobserved ability distribution and coefficients do not differ significantly between the different quantiles. Overall, results suggest that inherent ability and education act as substitutes in generating earning capability for men while both factors have no specific relation when considering women. 
Conclusion
The objective of this research is to analyze the potential heterogeneity in wage gains after completing a university degree in Switzerland. Indeed, recent microeconometric studies focus on differences in treatment effects among different subgroups in the population on the grounds that the homogeneity assumption is not always appropriate. As valid instruments for education are rather scarce, PSM methods emerge as an interesting approach to account for heterogeneity and self-selection under the conditional independence assumption. In this context, this study relies on two differents hierarchical models based on propensity score matching: a stratification-multilevel model and a smoothing-matching approach.
The current work tests two opposite hypothesis about self-selection into university education. The former comes from the selection explanation of human capital theory which assumes that individuals self-select into schooling on the basis of their expected returns to schooling which in turn leads to higher earnings in the labor market. The latter stipulates that high propensity students who have more ascribed attributes that are valuable in the labor market may still obtain high earnings even if they do not well educationally. Consequently, it is possible that, under certain conditions, low propensity students benefit most from a university degree.
The stratification-multilevel method (SM-HTE) suggests that low propensity students benefit most from a university degree. However, the positive association between the propensity score and the returns to education is only significant for men when considering a specification which also controls for labor market variables. This finding suggests that accounting for labor market experience increases the differences in returns to university education across the propensity score strata in favor of low propensity men. For women, the non-significant slope coefficient related to the trend in returns to education along the propensity score strata leads to the rejection of the heterogeneity assumption in terms of returns to schooling.
The matching-smoothing method (MS-HTE) -which plots matched differences in wages between matura and university graduates against a continuous representation of the propensity score -shows that the smoothed curve could also be well approximated by a flat horizontal line for both genders. However, the fitted line for men confirms the results obtained with the previous method if we focus only the middle and upper parts of the propensity score distribution (i.e., between 0.6 and 1).
An auxiliary analysis based on quantile regressions reveals that men with low unobserved marketable skills also benefit most from university education while Swiss Journal of Economics and Statistics, 2014, Vol. 150 (2) inherent ability and education act as two independent factors to determine the level of returns to education in the case of women. In summary, completing a university degree substitutes for a lack of inherent ability -and socioeconomic background -in the generation of earning capability for men but has not heterogeneous impact for women.
The main conclusion of this study is that we cannot postulate in favor the comparative advantage hypothesis: individuals with the highest idiosyncratic returns to university education do not benefit most from this degree. In this context, increasing the incentives of low propensity individuals to attend a university degree seems particularly well-adapted to reinforce both efficiency and equity in university education, especially for men. As Switzerland lacks sufficiently tertiary education graduates to boost its economic growth, social policies focusing on the family background's gap may be of primary importance. Indeed, focusing on early childhood is very important given that differences in parental backgrounds have far-reaching consequences on student's educational path. For that purpose, the recent introduction of the Concordat Harmos which makes pre-primary education compulsory for all children aged between 4 and 6 is a very promising step.
The main caveat of this study is that PSM only controls for observed selection bias and not for "hidden bias". In spite of this limitation, the three empirical models considered allow for a robust interpretation of the results. A second caveat lies in the fact that the SHP data lacks some information to analyze more precisely the self-selection mechanism into higher education. For example, data available suffer from the absence of questions related to the motivations for studying, parental support or ability tests. Future research should then focus on these issues to provide a clearer interpretation of the self-selection mechanisms into university education in Switzerland.
Appendices
NATE Parameter
The mathematical development of this Appendix is taken from Roberts (2009) . Let us consider the following regression model where returns to schooling i may vary across individuals:
If I take the conditional expectations of potential wages, I have then:
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By subtracting the above equations from each other, I obtain:
where the ATT parameter (E[ i | S i 1]) is defined as the average return to schooling for individuals who select in university education. The objective is now to recover the ATE (E[ i ]) to define the second endogeneity bias, i.e., the return bias. For that purpose, I first decompose the ATE parameter as follows:
I have then:
By pluging equation (24) into equation (23), I obtain the naive estimator of the average treatment effect (NATE) which can be written as
Return bias
Selection bias Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively. Note: *, **, and *** indicate a statistical significance at 10%, 5% and 1% level, respectively.
